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Abstract
Art Therapy (AT) is an established practice that facilitates emotional

processing and recovery through creative expression. Recently, Vi-

sual Art Recommender Systems (VA RecSys) have emerged to sup-

port AT, demonstrating their potential by personalizing therapeutic

artwork recommendations. Nonetheless, current VA RecSys rely

on visual stimuli for user modeling, limiting their ability to capture

the full spectrum of emotional responses during preference elicita-

tion. Previous studies have shown that music stimuli elicit unique

affective reflections, presenting an opportunity for cross-domain

recommendation (CDR) to enhance personalization in AT. Since

CDR has not yet been explored in this context, we propose a family

of CDR methods for AT based on music-driven preference elicita-

tion. A large-scale study with 200 users demonstrates the efficacy

of music-driven preference elicitation, outperforming the classic

visual-only elicitation approach. Our source code, data, and models

are available at https://github.com/ArtAICare/Affect-aware-CDR.
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1 Introduction
Art therapy (AT) has long been recognized as a powerful interven-

tion for psychological distress, including trauma, anxiety, and de-

pression [32]. It provides individuals with a medium for creative ex-

pression that facilitates emotional processing and self-exploration,

fostering recovery and well-being. Particularly, a visual exposure
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form of AT includes a preference elicitation phase, where patients

select paintings from a curated set of visual stimuli that resonate

with their healing journey, followed by a guided session featuring

a similar set of artworks recommended by art therapists, designed

to evoke positive emotions and contain healing elements [17].

A significant challenge in AT lies in personalizing these interven-

tions for individuals with unique traumatic experiences. Traditional

AT requires the expertise of trained therapists in selecting artworks

that are therapeutically appropriate for each patient’s healing jour-

ney. This process, while effective, is resource-intensive and con-

strained by the therapist’s familiarity with available artworks and

the diversity and uniqueness of patients’ emotional needs. The vast-

ness of the search space for relevant visual stimuli makes it difficult

to identify the right pieces for each patient, posing a substantial

barrier to scalable, personalized interventions [18].

Recent advancements in digital AT have aimed to improve both

the accessibility and the effectiveness of therapeutic interventions

through computational tools. In particular, Visual Art Recommender

Systems (VA RecSys) have recently been developed to personal-

ize visual stimuli based on the psychological states of individuals,

showing promising results. For example, Yilma et al. [49, 50] devel-

oped VA RecSys that promote healing and recovery in the context

of Post-Intensive Care Syndrome (PICS) intervention. While useful,

they only considered visual stimuli for preference elicitation. How-

ever, a different modality, music, has the potential to further elicit

affective cues that can be missed in visual stimuli [14, 24]. Music

plays a significant role in eliciting emotional responses [39, 45],

which are essential for psychological healing, potentially enhancing

the personalization and effectiveness of digital AT.

State-of-the-art (SOTA) approaches in digital AT have not yet

explored the cross-domain recommendation (CDR) potential of af-

fective stimuli knowledge transfer between VA and music. Hence,

we propose a novel approach that integrates music as a preference

elicitation modality for personalized VA RecSys in AT. Concretely,

we propose a family of CDR methods: (1) Mozart, or affect-aware
contrastive alignment of music and paintings, which maps the affec-

tive properties of music and paintings into a shared latent space that

allows a semantic retrieval of therapeutic content across the two

modalities; (2) Haydn, or affective space search, based on 𝑘-nearest

neighbors, which leverages the valence and arousal labels of each

modality to construct a similarity matrix for retrieval; (3) Salieri, or
multimodal alignment of music and paintings, using large language

models (LLMs) and vision-language models (VLMs), which enables

the extraction of semantic representations from both modalities,

facilitating cross-modal mapping for retrieval. Our main research
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question is: Can music-driven preferences provide therapeutic art
recommendations?

We assess the efficacy of these CDR strategies for AT on a large-

scale user study against the uni-modal SOTA VA RecSys engine

reported in previous work, comprising a ResNet-50 backbone and

visual-only preference elicitation. In sum, we make the following

contributions:

• We introduce CDR to the field of AT by integrating music

and VA domains.

• We develop and evaluate three novel affect-aware CDR algo-

rithms based on music preferences.

• We conduct a large-scale user study with 200 people with

psychiatric sequelae, comparing the proposed approaches

against the SOTA baseline.

• We provide insights on integrating CDR into digital AT and

discuss future research for mental health interventions.

2 Background and Related Work
2.1 VA RecSys in Art Therapy
VA pieces like paintings have been widely utilized to promote psy-

chological well-being in clinical environments [21]. As trauma can

often be hard to verbalize in spoken psychotherapy sessions, art

opens a creative medium of expression [12], stimulating emotions

and self-reflection, and addressing various psychological disorders

such as depression and anxiety [17, 43].

To offer an effective AT based on the unique needs of patients,

personalization remains vital yet largely constrained due to its re-

liance on human expertise and a manual art selection process [1].

Very recently, VA RecSys have emerged to support the delivery

of personalized AT. Yilma et al. [49] developed VA RecSys that

leverage visual as well as textual features of paintings for semantic

retrieval of therapeutic art recommendations. The proposed models

used Residual Neural Network (ResNet50) [19] for image feature

extraction, Latent Dirichlet Allocation (LDA) [4] and Bidirectional

Encoder Representations from Transformers (BERT) [11] for tex-

tual feature extraction, and Bootstrapping Language-Image Pre-

training (BLIP) [28] for multimodal feature extraction. A follow-up

study [50] investigated a human-in-the-loop approach to safeguard

recommendations and foster human-AI collaboration in AT. While

these systems have shown promise, they rely solely on visual in-

puts, potentially missing broader affective dimensions. On the other

hand, music serves as a complementary modality for preference

elicitation, owing to its capacity to elicit emotional responses [24].

Several studies have also linked music to therapeutic neurological

responses, suggesting its role in preference detection.[6, 25, 46].

Jazi et al. [51] proposed an affect-aware music RecSys that maps

user interactions to emotional states, while Patel et al. [36] and

Iordanis [22] developed Deep Learning models for personalized

music recommendations based on affective cues. These works high-

light music’s potential to reveal affective preferences that could

inform visual art recommendations. However, music as a preference

elicitation tool for VA RecSys remains unexplored, motivating our

investigation into a CDR approach in AT via affective knowledge

transfer between music and paintings.

2.2 CDR and the Music-Art Gap
Cross-domain recommendation leverages user preferences or item

features from one domain to enhance recommendations in another

domain, mitigating issues like data sparsity and cold-start prob-

lems [13, 52]. CDR has been particularly useful in the context of

movie recommendations, using for example book [54] and mu-

sic [15] preferences. The key idea is to find a suitable embedding

and mapping framework [30, 33, 53]. Recent works have also ex-

plored graph-based methods for CDR [20]

Despite these advances, CDR between music and VA remains

underexplored, and in particular in therapeutic contexts. A study

by Campos-Bueno et al. [7] investigated the affective dimensions

of valence and arousal in music and VA. They found that music

elicited stronger effects on valence than paintings. It has been

reported that both modalities elicit profound emotional responses,

music through auditory stimulation [45] and VA via imagery [17],

yet no framework transfers affective knowledge between them for

CDR. Lee et al. [27] investigated music-to-art style transfer using

generative adversarial networks, but their focuswas aesthetic rather

than therapeutic.

Emotional responses from music have long been leveraged in

music therapy for emotional regulation, where specific musical

elements such as tempo, melody, and harmony are known to influ-

ence affective states [24, 39]. Recent advancements have applied

machine learning techniques to predict the effectiveness of mu-

sic therapy interventions [23, 38]. Similarly, paintings have been

shown to evoke strong emotional reactions, with different artis-

tic styles, color palettes, and subject matter being used in AT to

help individuals process trauma, anxiety, and depression [17, 32].

Further research in neuroscience underscores the role of affec-

tive control in emotion regulation, which can support therapeutic

outcomes [26, 42]. Recent studies found that active and passive

engagement in creative arts activates neural circuits that promote

adaptive emotional regulation [3]. Scoping reviews of integrated

arts therapies and neuroscience emphasize the need for interdis-

ciplinary approaches to compare modalities like music and visual

arts [5].

In sum, it is evident that music has potential to evoke profound

affective responses. Hence, our main hypothesis is that the integra-

tion of affective cues across these two domains can derive better

therapeutic content recommendations. Unfortunately, no affect-

aware CDR framework has been proposed to date in a unified ther-

apeutic context. To address this critical gap, we propose a family of

CDR approaches that leverage music clips for preference elicitation

to derive therapeutic art recommendations.

3 Method: Therapeutic VA RecSys from Music
In this work, we depart from utilizing visual stimuli for preference

elicitation. Instead, we leverage music stimuli to elicit affective pref-

erences for therapeutic painting recommendations. To the best of

our knowledge, no prior work in digital AT involves cross-domain

affective knowledge transfer. Thus, we take the first step to intro-

duce affect-aware CDR in digital AT.



Affect-aware CDR for AT via Music Preference Elicitation RecSys ’25, September 22–26, 2025, Prague, Czech Republic

p

ResNet-50 MERT

AutoencoderAutoencoder

Contrastive Alignement

ResNet-50 MERT

Painting Metadata +
V-A valuesm

VLM (GPT-4o)
Images LLM (GPT-4o)

Semantic
Descriptions

BERT

Semantic
Descriptions

BERT

Concatenation Concatenation

Autoencoder Autoencoder

Acoustic Features
summary +

Music Metadata +
V-A values

(a)

(b)

(c)

Figure 1: Proposed system architectures. From left to right: Affect-aware contrastive alignment (Mozart), Affective Space
Search (Haydn), and multimodal alignment with LLM and VLM (Salieri). Notice that each approach produces different latent
embedding spaces (a,b,c).

3.1 Dataset
Although evidence from both music and AT literature highlights

the potential for affect-aware CDR in AT, a significant challenge

remains in the availability of parallel music and VA datasets with

affective annotations. These datasets need to be carefully curated

to ensure they match therapeutic goals and reflect the emotional

qualities of eachmodality.While there are several datasets for music

and paintings individually, few are integrated with affective labels,

making it difficult to leverage them for the affect-aware CDR task.

To overcome this limitation, we conducted a thorough analysis

and selected reliable public datasets from both domains that are

well suited for this task. In the following, we outline the dataset

selection, preprocessing steps, and the proposed CDR strategies.

3.1.1 Music Dataset. We selected the DEAM (Database for Emo-

tional Analysis of Music) dataset,
1
as it has been reliably used in

music therapy [8, 35]. DEAM contains 1,802 instrumental music

excerpts annotated with valence and arousal values both continu-

ously (per-second) and over the whole song. For our purposes, we

used the averaged per-song annotations but filtered out songs with

high standard deviation to enforce stability and reduce ambiguity.

We excluded songs with valence SD > 1.75 and arousal SD > 1.0,

chosen based on the label distributions. This filtering resulted in

909 songs.

3.1.2 Visual Art Dataset. For paintings, we chose theWikiArt Emo-

tions Dataset,
2
as it is the only public dataset with reliable affective

annotations. It contains 4,105 paintings annotated based on com-

bined image and metadata analysis. Each painting is labeled with

multiple emotions and their intensities.

1
https://cvml.unige.ch/databases/DEAM/manual.pdf

2
https://saifmohammad.com/WebPages/wikiartemotions.html

3.1.3 Preprocessing. Both datasets have different labels to repre-

sent their emotional triggers on users. DEAM is annotated with

continuous valence-arousal (V-A) scores in the [−1, 1] range, while
WikiArt is labeled with multiple emotions and their intensities.

First, we need to convert the labels of the two datasets to uniform

affective annotations (i.e., V-A values). For DEAM, we considered

per-song static annotations and filtered out songs with high stan-

dard deviation, to ensure stability and reduce ambiguity. Then, to

align the WikiArt dataset emotional labels with the V-A annota-

tions, we first normalized the intensity of each emotion label for

each painting and then we used the ‘NRC Valence, Arousal, and

Dominance’ (NRC VAD) Lexicon, which provides V-A scores for

over 20,000 English words,
3
to translate these emotions into V-A

scores, in the [−1, 1] range.
After this, we obtained two modalities, paintings and music;

both with respective modality-specific features and V-A values. The

final dataset is comprised of 909 music samples and 4,105 painting

samples.

Although these affective labels are considered to be representa-

tive, we hypothesize that the feature-level nuances of each modal-

ity can play a significant role in the emotional reflection triggered

by each modality [2, 9]. Therefore, we aim to learn a joint repre-

sentation space guided by emotional awareness to derive better

recommendations.

3.2 Mozart: Cross-Domain Recommendation via
Affect-Aware Contrastive Alignment

To establish a unified representation space, we start by extracting

modality-specific features using pre-trained networks: MERT [29]

3
Despite some cultural differences, it has been shown that the majority of affective

norms are stable across languages [34].

https://cvml.unige.ch/databases/DEAM/manual.pdf
https://saifmohammad.com/WebPages/wikiartemotions.html
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for music and ResNet50 [19] for paintings. Let x𝑚 ∈ R𝑑𝑚 and

x𝑝 ∈ R𝑑𝑝 be the extracted feature vectors for music and paintings,

respectively, where 𝑑𝑚 and 𝑑𝑝 denote the dimensionality of the

raw feature representations from each modality. We then obtain

reduced representations through modality-specific autoencoders:

z𝑚 = 𝐴𝐸𝑚 (x𝑚), z𝑝 = 𝐴𝐸𝑝 (x𝑝 ), (1)

where 𝐴𝐸𝑚 and 𝐴𝐸𝑝 are autoencoders trained with reconstruction

loss separately for music and paintings, respectively, to learn com-

pact 256D embeddings: R256
. This ensures that the embeddings

retain meaningful information while reducing dimensionality.
4

Thus, producing embeddings z𝑚, z𝑝 ∈ R256
.

Since emotional perception is fundamental to both music and

VA, we explicitly incorporate V-A representations. Each sample is

associated with a V-A vector v𝑖 = [𝑣𝑖 , 𝑎𝑖 ], where 𝑣𝑖 and 𝑎𝑖 denote
the valence and arousal values, respectively. Finally we concatenate

the raw V-A values with the learned embeddings:

z∗𝑚 = [z𝑚, v𝑎], z∗𝑝 = [z𝑝 , v𝑎] . (2)

This results in enriched embeddings z∗𝑚, z∗𝑝 ∈ R258
that encode both

modality-specific features and affective information, forming the

basis for the subsequent contrastive learning objective.

3.2.1 Contrastive Learning with Continuous V-A Values. Traditional
contrastive learning frameworks rely on binary labels to indicate

whether sample pairs are similar or dissimilar. In our work, each

sample of music and painting is associated with continuous V-A

values. To effectively capture the degree of emotional similarity, we

first compute the Euclidean distance
5
between the V-A vectors of

two samples:

𝑑𝑖 𝑗 = ∥v𝑖 − v𝑗 ∥2 =
√︃
(𝑣𝑖 − 𝑣 𝑗 )2 + (𝑎𝑖 − 𝑎 𝑗 )2, (3)

where v𝑖 = [𝑣𝑖 , 𝑎𝑖 ] represents the V-A vector for sample 𝑖 . To

convert this distance into a soft, continuous similarity measure, we

apply a Gaussian kernel:

𝑆𝑖 𝑗 = exp

(
−
𝑑2
𝑖 𝑗

2𝜎2

)
, (4)

where 𝜎 is a bandwidth parameter that controls how quickly simi-

larity decays with increasing distance. This approach is particularly

effective for continuous labels, as it allows the model to weigh the

contribution of each pair according to the degree of emotional close-

ness. Recent work by Tan et al. [44] demonstrates that kernel-based

similarity measures enhances the learning of continuous repre-

sentations in cross-modal settings. In our work, the continuous

similarity score 𝑆𝑖 𝑗 is integrated into the contrastive loss:

L =
∑︁
𝑖, 𝑗

𝑆𝑖 𝑗

(
∥z∗𝑖 − z

∗
𝑗 ∥2

)
2

+(1−𝑆𝑖 𝑗 )max

(
0,𝑚 − ∥z∗𝑖 − z

∗
𝑗 ∥2

)
2

, (5)

where z∗
𝑖
and z∗

𝑗
are the enriched joint embeddings incorporating

both modality-specific features and V-A information. The margin

𝑚 ensures a minimum separation between dissimilar samples.

4
256Dwas chosen to balance expressiveness and efficiency. Higher dimensions increase

model complexity and computational cost, while lower dimensions may not sufficiently

capture feature-rich representations. An offline evaluation (ranking overlap) showed

no significant gains with 512D or 1024D.

5
Unlike cosine similarity, which ignores magnitude, Euclidean distance ensures that

emotionally distinct but directionally similar items are properly differentiated.

3.2.2 Addressing Dataset Imbalance. The disparity in dataset sizes

909 music samples versus 4,105 art samples can bias the learning

process. To mitigate this imbalance, we adopted a weighted loss

approach. We adjust (5) by assigning weights to each sample based

on its modality. Define the weighting factors as:

𝜆𝑚 =
𝑁𝑝

𝑁𝑚 + 𝑁𝑝
, 𝜆𝑝 =

𝑁𝑚

𝑁𝑚 + 𝑁𝑝
, (6)

where 𝑁𝑚 = 909 and 𝑁𝑝 = 4105. The weighted contrastive loss

then becomes L
weighted

=
∑
𝑖, 𝑗 𝜆𝑖𝜆 𝑗L,

where 𝜆𝑖 equals 𝜆𝑚 if sample 𝑖 is from the music domain and 𝜆𝑝
if from the art domain.

3.2.3 Implementation details. Music features were extracted using

MERT-v1-330M.
6
Audio files were resampled to 24 kHz and con-

verted to mono. The MERT-based embeddings were concatenated

with precomputed acoustic features (means, medians, and stan-

dard deviations of tempo, spectral contrast, etc.) from DEAM. For

paintings, a pre-trained ResNet50 model extracted 2048D features

from images resized to 224×224 pixels, using ImageNet-standard

normalization, sourced from the WikiArt dataset. Music and paint-

ing embeddings were further reduced to 256D using modality-

specific autoencoders with encoder layers [input_dim, 1024,
512, 256] and mirrored decoders, trained with Adam optimizer

(𝜂 = 10
−3, 𝛽1 = 0.9, 𝛽2 = 0.999) and MSE loss. The resulting 256D

embeddings were Min-Max scaled to [−1, 1] and concatenated with
the V-A labels from each dataset, producing 258D enriched em-

beddings (z∗𝑚, z∗𝑝 ) per modality. Then, for contrastive alignment, a

projection head, implemented as a two-layer MLP with architecture

[258, 256, 128], mapped the 258D embeddings to a 128D joint space.

The modality-specific weights of the weighted contrastive loss

are 𝜆𝑚 = 0.818 and 𝜆𝑝 = 0.182, based on the weighting factors

in Section 3.2.2. The optimal hyperparameters for the Gaussian

kernel-based similarity measure (Equation 4), i.e., the bandwidth

parameter 𝜎 and the margin𝑚, were determined via a grid search.

The best performance was achieved with 𝜎 = 0.5 and 𝑚 = 0.5.

Mozart was trained for up to 50 epochs using Adam optimizer

(𝜂 = 10
−3, 𝛽1 = 0.9, 𝛽2 = 0.999) and early stopping of 5 epochs,

monitoring the validation loss. The resulting joint embedding space,

visualized in Figure 1, Before, the similarity matrix shows a rather

effective alignment, where both modalities contribute to shaping

the learned representation guided by a combination of affective

and modality-specific features.

By computing Euclidean distances between the 128D joint em-

beddings, we get a similarity matrixR𝑁𝑚×𝑁𝑝
between all music and

painting pairs, enabling efficient retrieval of painting recommenda-

tions for music tracks. Then, given a user’s list of preferred music

tracks𝑚1,𝑚2, . . . ,𝑚𝑘 with corresponding ratings 𝑟1, 𝑟2, . . . , 𝑟𝑘 on

a 5-point Likert scale, we normalize the ratings to obtain weights

𝑤1,𝑤2, . . . ,𝑤𝑘 , where each 𝑤𝑖 ∈ [0, 1] and
∑𝑘
𝑖=1𝑤𝑖 = 1. The

weighted average distance from the set of music tracks to each

painting 𝑝 𝑗 is then calculated as:

𝑑Mozart (𝑝 𝑗 ) =
𝑘∑︁
𝑖=1

𝑤𝑖 · ∥z+𝑚𝑖
− z+𝑝 𝑗

∥2 (7)

6
https://huggingface.co/m-a-p/MERT-v1-330M

https://huggingface.co/m-a-p/MERT-v1-330M
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where z+𝑚𝑖
and z+𝑝 𝑗

are the 128D joint embeddings. The top-𝑛 paint-

ings with the smallest 𝑑Mozart (𝑝 𝑗 ) values are recommended, re-

flecting their emotional similarity to the user’s music preferences,

weighted by the normalized ratings.

3.3 Haydn: Cross-Domain Recommendation via
Affective Space Search

We implemented a 𝑘-nearest neighbors (kNN) VA RecSys approach

using affective space search which allows retrieval based on the

affective alignment of music and painting V-A vectors. Each music

track𝑚𝑖 and painting 𝑝 𝑗 is represented by its V-A vectors v𝑚𝑖
and

v𝑝 𝑗
, respectively. The affective distance between them is computed

using the Euclidean distance, as defined in Equation 3, yielding a

similarity matrix R𝑁𝑚×𝑁𝑝
between all music and painting pairs.

Similar to Mozart, a weighted average is computed to make

recommendations from a precomputed similarity matrix derived

from Euclidean distances, with weights𝑤𝑖 ∈ [0, 1] and
∑𝑘
𝑖=1𝑤𝑖 = 1.

The weighted average affective distance from the set of music tracks

to each painting 𝑝 𝑗 is calculated as:

𝑑
Haydn

(𝑝 𝑗 ) =
𝑘∑︁
𝑖=1

𝑤𝑖 · ∥v𝑚𝑖
− v𝑝 𝑗

∥2 (8)

where v𝑚𝑖
and v𝑝 𝑗

are the V-A vectors of music𝑚𝑖 and painting

𝑝 𝑗 respectively. This is a straightforward and interpretable method,

though it may not fully capture modality-specific attributes respon-

sible for the different emotional reflections triggered on users.

3.4 Salieri: Cross-Domain Recommendation via
multimodal Alignment with LLM and VLM

Wepropose a third approach based on large languagemodels (LLMs)

and vision-language models (VLMs), as these models demonstrate a

strong capability in capturing subtle emotional and semantic details,

which are crucial for affective cross-modal retrieval. Salieri provides

a complementary perspective to both the affective space search and

contrastive alignment approaches discussed earlier. This approach

constructs multimodal representations for both music and paintings

by leveraging transformer-based models for feature extraction and

semantic embedding generation. The overall pipeline consists of

three main stages: (i) modality-specific feature extraction, (ii) mul-

timodal embedding construction, and (iii) cross-modal similarity

computation.

3.4.1 Music Representation Learning. Formusic, we extract two dis-

tinct feature representations. First, we learn acoustic features using

MERT similar to the contrastive approach in Mozart (Section 3.2)

to obtain deep audio embeddings, denoted as mMERT ∈ R𝑑𝑚 . Next,

we learn textual representations of music’s semantic description

by querying an LLM (GPT-4o) with metadata including the V-A

values. The resulting textual descriptions were then converted to

an embedding using the transformer-based language model BERT,

yielding mLLM ∈ R𝑑𝑡 .
The final music embedding is obtained by concatenating these

two representations:

m = [mMERT;mLLM] ∈ R𝑑𝑚+𝑑𝑡 (9)

To ensure a compact representation, we train an autoencoder 𝑓𝑚 :

R𝑑𝑚+𝑑𝑡 → R256
that reduces the dimensionality ofm to z𝑚 ∈ R256

.

3.4.2 Painting Representation Learning. For paintings, a similar

two-stream feature extraction strategy is employed. Similar to

Mozart, we extracted visual features of paintings using ResNet-50,

obtaining pResNet ∈ R𝑑𝑝 . Subsequently for textual representation,

we queried a VLM model (GPT-4o) with the painting images, their

metadata, valence-arousal values, and emotion labels fromWikiArt.

The textual descriptions from GPT-4o were then converted to an

embedding using the transformer-based language model BERT to

produce pVLM ∈ R𝑑𝑣 .
The overall painting embedding is constructed by concatenation:

p = [pResNet; pVLM] ∈ R𝑑𝑝+𝑑𝑣 (10)

As with music, we employ an autoencoder 𝑓𝑝 : R𝑑𝑝+𝑑𝑣 → R256
to

obtain a reduced representation z𝑝 ∈ R256
.

3.4.3 Cross-Modal Similarity Computation. Given the 256D embed-

dings z𝑚 and z𝑝 for music and paintings, respectively, we compute

the similarity matrix 𝑆𝐿𝑉 ∈ R𝑁𝑚×𝑁𝑝
between all music and paint-

ing pairs using cosine similarity. As in Mozart, a weighted average

is computed to make recommendations based on user preference

ratings using this similarity matrix:

𝑑
Salieri

(𝑝 𝑗 ) =
𝑘∑︁
𝑖=1

𝑤𝑖 · ∥z𝑚𝑖
− z𝑝 𝑗

∥2 (11)

This approach allows us to compare LLM and VLM-based repre-

sentations with both the affective space search and contrastive

alignment techniques in CDR for AT.

Algorithm 1: CDR preprocessing pipeline

1: procedure PreprocessCDR(𝑀, 𝑃 )

2: 𝑥𝑚 ← ExtractMERT(𝑀) // Mozart music features

3: 𝑥𝑝 ← ExtractResNet50(𝑃 ) // Mozart VA features

4: v𝑚, v𝑝 ← GetVAScores(𝑀, 𝑃 ) // Haydn

5: 𝑧∗𝑚 ← Reduce (𝑥𝑚 , 256D) + v𝑚 → R258
// Mozart

6: 𝑧∗𝑝 ← Reduce (𝑥𝑝 , 256D) + v𝑝 → R258
// Mozart

7: 𝑧+𝑚, 𝑧+𝑝 ← Reduce (𝑧∗𝑚, 𝑧∗𝑝 , 128D) // Mozart

8: 𝑚MERT ← ExtractMERT(𝑀) // Salieri music features

9: 𝑚LM ← ExtractLLM(𝑀) // Salieri music text features

10: 𝑝ResNet ← ExtractResNet50(𝑃 ) // Salieri VA features

11: 𝑝VLM ← ExtractVLM(𝑃 ) // Salieri VA text features

12: 𝑚 ← [𝑚MERT;𝑚LM] // Salieri concatenation

13: 𝑝 ← [𝑝ResNet;𝑝VLM] // Salieri concatenation

14: 𝑧𝑚, 𝑧𝑝 ← Reduce (𝑚,𝑝 , 256D) // Salieri

15: return v𝑚, v𝑝 , 𝑧+𝑚, 𝑧+𝑝 , 𝑧𝑚, 𝑧𝑝 , 𝑝ResNet

Algorithm 2: CDR recommendations

Precondition: Extracted features for each engine (Algorithm 1).

1: procedure RecommendCDR(𝑀,𝑃, 𝑅)

2: 𝐿 ← 𝑑 (𝑝 𝑗 ) using ratings 𝑤𝑖 ∈ 𝑅 // See (7) (8) (11)

3: Sort(𝐿) // Ascending order

4: return Slice(𝐿,𝑛) // Top-𝑛 paintings
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(a) Pre-study questions (b) Preference elicitation (c) Guided AT session (d) Post-study questions

Figure 2: Screenshots (in chronological order) of the web application we developed for the user study.

4 User Study
We conducted a large-scale online study to understand the user’s

perception towards the quality of our CDR strategies for psychi-

atric sequelae rehabilitation therapy, and ultimately to assess their

efficacy in supporting their healing journey. Hence, we designed a

guided AT study that follows the setup proposed in SOTA VA Rec-

Sys for digital AT [49, 50]. In addition to the three CDR engines, we

developed a SOTA Visual engine that produces recommendations

based on elicited painting preferences using cosine similarity over

ResNet50-extracted features.

4.1 Materials
We curated themusic and painting samples fromDEAMandWikiArt

to ensure that they were suitable for conducting guided AT sessions.

Music and paintings were retained if their valence score exceeded

0.1, ensuring positive emotionality as per prior therapeutic stud-

ies [7, 40], and arousal was either ≤ −0.1 or ≥ 0.1, excluding neutral

samples to enhance emotional engagement [41, 48].

The curated music set supported preference elicitation, while

paintings were matched with a set of nature-based artworks that

were previously validated to support AT [49]. This allowed us to

identify paintings in WikiArt closely matching those used in digital

AT. Further, to ensure a safe deployment, we conducted a pilot test

with a registered art therapist
7
to manually go through the curated

paintings and remove potentially harmful or unsuitable paintings,

yielding a final 239 × 63 similarity matrix (239 music tracks, 63

paintings).

4.2 Participants
We recruited 200 people who had psychiatric sequelae via the Pro-

lific crowdsourcing platform.
8
All participants indicated that they

were officially diagnosed with any of the following mental health

conditions: Anxiety (165 participants), Depression (162), Attention

Deficit Hyperactivity Disorder (70), Bipolar Disorder (45), Eating

Disorder (36), Post-traumatic Stress Disorder (28), among other con-

ditions. We also administered the Patient Health Questionnaire-4

(PHQ-4) [31] to collect explicit signs of anxiety and depression. All

participants showed symptoms for both of these conditions. Par-

ticipants also indicated to have been through any of the following

treatments: Psychological therapy (188), Medication (137), Self-care

(71), Hospital and residential treatment programs (47), and Brain-

stimulation treatments (27). Furthermore, we enforced other criteria

for eligibility: being fluent in English, minimum approval rate of

7
https://www.arttherapyfederation.eu/

8
https://www.prolific.com/

100% in previous crowdsourcing studies in Prolific, and being active

in the last 90 days.

Our recruited participants (100 female, 100 male) were aged 31.4

years (SD=10.7) and could complete the study only once. Most

of them lived in South Africa (85), Poland (21), United Kingdom

(16), and Canada (12). Participants had been through planned or

emergency surgical procedures (88), traumatic experience such as

injuries from an accident or a fall (68), or medical conditions such

as pneumonia, heart failure, or stroke (57). Participants had been

in a general ward or medical/surgical unit (85), ICU (73), or in an

Emergency Room (54). For most participants, the duration of their

stay in a hospital was less than a week (89), between 1 to 2 weeks

(47), or between 2 to 4 weeks (45). The study took a mean time of

35min (SD=15) to complete. Participants were paid an equivalent

hourly wage of $12/h.

4.3 Apparatus
We designed a web application (Figure 2) that first assessed base-

line affective states, then elicited music and painting preferences,
9

then facilitated a guided AT session, and finally assessed post-test

affective states. We indicated in Prolific that participants had to use

a desktop-based computer, to ensure they would be in a comfort-

able environment, and that the study would require them to use

headphones.

4.4 Design
We deployed the three CDR engines (Mozart, Haydn, and Salieri)

together with the SOTA baseline VA RecSys engine (Visual). Each

participant was only exposed to one of the four engines (between-

subjects design) and then went through a session of guided AT

comprising three paintings (the top-3 recommendations from each

engine, based on the elicited user preferences, see 2). Each group

comprised a gender-balanced set of 50 participants.

4.5 Procedure
We elicited user preferences by providing a set of 11 music tracks

and 11 paintings, randomly sampled from DEAM and WikiArt.

Participants had to rate each item in a 1–5 scale. One music track

and one painting were attentional checks, which had to be rated as

1 and were not used by any engine. Participants had to listen each

music track for 15 seconds.

We assessed pre-test and post-test affective states using the Pick-

A-Mood tool [10] and the short version of the Positive and Negative

Affect Schedule (PANAS) scale [47], which considers 5 positive, 5

9
Paintings were necessary for the Visual engine only.

https://www.arttherapyfederation.eu/
https://www.prolific.com/
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Figure 3: Distribution of ratings of our user-centric recommendation quality metrics. Dots denote mean values.
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negative, and 1 neutral item to assess the affective state of partici-

pants before and after guided AT.

The guided AT session comprised three paintings that were

recommended to each participant based on the RecSys engine they

were assigned to. Participants were encouraged to engage with the

paintings: “Imagine yourself entering the painting and exploring it.
How did you feel while spending time in this painting?”. They were

prompted to reflect on their healing experience and describe it in a

few sentences. They were also prompted to describe which aspects

of the painting contributed most to their experience.

After the AT session, in addition to the affective states self-

assessment, participants were asked to rate the recommendations

in a 5-point Likert scale according to widely accepted proxies of

recommendation quality [37, 49]:

Accuracy: To what degree did the recommended paintings

match your selected personal preference?

Diversity: Towhat extent did you find the recommended paint-

ings diverse?

Novelty: To what extent did the recommendations help you

discover paintings you didn’t know before?

Serendipity: To what extent did you find surprisingly inter-

esting paintings among the recommendations?

Immersion: How much did the recommended paintings con-

tribute to your sense of immersion, making you feel deeply

involved or absorbed in the artwork?

Engagement: To what extent did the recommended paintings

contribute to your feeling of engagement, capturing your

attention and generating a sense of involvement or interest?

4.6 Results
Our analysis is structured in terms of user-centric metrics of rec-

ommendation quality, emotional changes post-therapy, and user

reflections.

4.6.1 Analysis of recommendation quality measures. We used a

linear mixed-effects (LME) model where participants are considered

random effects.
10

We fitted one LME model per user-centric metric

and computed the estimated marginal means for specified factors.

We then ran pairwise comparisons (also known as contrasts) with
Bonferroni-Holm correction to guard against multiple comparisons.

10
An LME model is appropriate because ratings are discrete and have a natural order.
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Figure 3 shows the distributions of user ratings for the user-

centric metrics of recommendation quality. We did not find statisti-

cally significant differences between engines, suggesting that all

engines were rated similarly by our participants. The only excep-

tion is Visual outperforming Haydn in terms of diversity (𝑝 = .007)

with a moderate effect size (𝑟 = 0.2).

4.6.2 Analysis of changes inmood. Figure 4 shows themood changes

before and after therapy, for the four recommendation groups

we have considered in our study. In all groups, a mood enhance-

ment effect of guided art therapy was observed. When compar-

ing it to the baseline, where many participants were in a nega-

tive mood (46.6%), after guided art therapy the majority of par-

ticipants reported being in a positive mood (72.6%), with only a

minority remaining in negative (11.5%) or neutral (15.7%) mood. The

differences between approaches were not statistically significant:

𝜒2 (3, 𝑁 = 195) = 1.08, 𝑝 = .780, 𝜙 = 0.075.

Figure 5 shows the change in scores after therapy, aggregated

according to the ten items of the PANAS scale. Differences between

groups were not statistically significant in any case, with small to

moderate effect sizes.

4.6.3 Analysis of user reflections. We conducted a thematic analy-

sis to identify the most salient healing themes from the user reflec-

tions, which were submitted as free-form comments during the AT

session. Starting from a list of 10 themes (with sample quotes from

participants) that follow established therapeutic practice [50], we

seeded BERTopic [16] with keywords derived from each theme’s

description and sample quote. For example, for the Safety theme,

the following keywords were identified: "safe", "secure", "protected",

"calm", "familiar". Then, each user reflection towards a particular

painting was assigned a dominant theme based on topic coherence,

with mappings refined by examining the top words per topic. The

resulting theme frequencies are reported in Figure 6.
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Figure 6: Heatmap of healing concepts identified by recom-
mendation engines using guided topic modeling.

Notably, all engines predominantly elicited Hope, with Salieri

showing the highest focus (127 responses), followed by Visual (124),

Mozart (118), and Haydn (116). Again, compared to the SOTA image-

based engine, the music-based approaches demonstrate a compet-

itive therapeutic profile, even outperforming SOTA in most user-

centric metrics of recommendation quality, suggesting that music-

based preference elicitation methods are an effective alternative in

personalized AT.

5 Discussion
We have made the first step in digital AT personalization by in-

troducing affect-aware music-driven preference elicitation. Taken

together, our CDR algorithms (Mozart, Haydn, and Salieri)
11

unlock

new possibilities, mapping music’s affective cues to therapeutic

VA recommendations. The findings from our study reveal distinct

strengths of our approaches. For example, Salieri excels in pro-

moting Hope (127 responses, Figure 6) while Haydn delivers inter-

pretable affective alignment. This suggests that music-driven elici-

tation offers focused emotional resonance. Furthermore, mood im-

provements (46.6% negative to 72.6% positive post-therapy, Figure 4)

across all proposed CDR algorithms also signify music’s broader

emotional appeal. All in all, these findings suggest CDR holds poten-

tial to open new avenues for digital AT via multimodal frameworks.

For example, AT systems could connect to music streaming appli-

cations like Spotify or Dizzer, thus leveraging the users’ listening

history or playlists to derive therapeutic recommendations.

6 Limitations and Future Work
A primary limitation in this work is the scarcity of therapeutically

curated painting collections with reliable affective labels. Prior

work [49, 50] highlighted the potential harm of unfiltered visual

stimuli in digital AT, necessitating therapist intervention to safe-

guard recommendations. We align with this view, yet the lack of

parallel datasets, affectively labeled and within therapeutic valence-

arousal ranges, poses a significant challenge to scaling music-driven

VA recommendations. Future efforts could address this through

crowdsourced studies, similar to WikiArt Emotions, to curate ro-

bust therapeutic datasets, fostering a research space where affect-

aware CDR algorithms can excel. Furthermore, the lack of signif-

icant differences between systems may be attributed to stimulus

homogeneity, as a result of filtered samples implemented as safety

measures to prevent the exposure of patients to negative stimuli.

We believe longitudinal studies to further validate the therapeutic

impacts of these approaches are exciting avenues for future work.

7 Conclusion
We have introduced affect-aware cross-domain recommendation

for digital art therapy by leveraging music preference elicitation

to personalize visual art recommendations. Our family of meth-

ods (Mozart, Haydn, Salieri) bridge the music-art gap, enhancing

emotional engagement through cross-modal affective transfer. Our

study showed these approaches match state-of-the-art visual base-

lines in metrics like accuracy and diversity while significantly im-

proving mood and positive affect. This work advances RecSys by

addressing single-domain limitations, and we hope to inspire mul-

timodal RecSys for well-being.
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